1. Introduction {#sec1}
===============

Multiphase-flow-based physical and chemical processes are of great importance for different reactor technologies. One of the major classes of multiphase flow processes is bubble column reactors (BCRs), known as BCRs. From the engineering point of view, the design and scale-up of this reactor configuration would be complicated when more than one phase is present.^[@ref1]^ In different industries such as chemical and biochemical, bubble columns were used as multiphase reactors and contactors mainly because of their ease of operation, their inexpensive construction, capacity of handling solids, great mass transfer, and heat properties without any problems in sealing, which is because of the absence of moving parts in the reactor compared to common reactors such as CSTRs.^[@ref2]^ Despite the simple mechanical design, the basic behavior of the BCR's dynamics is not completely known because of the complicated nature of multiphase-flow systems.^[@ref1]^ It has been recognized that the performance of BCRs is influenced by various operating variables (e.g. the rate of gas flow, the rate of liquid flow, the concentration of solid components, and vessel pressure) as well as design parameters (e.g. design of a sparger and geometry of the reactors).^[@ref3]−[@ref6]^ Given these facts, bubble columns have drawn high attention in the last 25 years. In addition, they have turned into a benchmarking reactor for computational fluid dynamics (CFD) and advanced measurement techniques.

It is of great importance to use CFD for bubble columns because it is able to anticipate and explain the hydrodynamics of the fluid at the global and the local level. In modeling and simulation of multiphase-flow systems (e.g. gas--liquid flow in bubble columns), two major approaches are usually utilized, that is, Euler--Lagrange (E--L)^[@ref7]−[@ref10]^ and Euler--Euler (E--E).^[@ref11]−[@ref17]^ In the E--E approach, the liquid and gas phases are considered in the Eulerian representation as two interpenetrating fluids.^[@ref18]^ There is interaction between the phases via the interphase transfer terms, and the solutions for the mass and momentum balances are required.^[@ref19]^ In addition, the bubbles are tracked individually in the E--L method while the liquid phase is considered as a continuum. E--E simulations can be applied on an extensive area of volume fractions, whereas E--L is limited by low particle volume fractions. Besides, by using the high-order discretization schemes with the E--E model, it is possible to solve higher numerical diffusion systems compared to the E--L model.^[@ref20]^ The E--E approach is employed in this work, and ANSYS-Fluent is used for all simulations.

To obtain the flow and temperature fields of convection problems in different shaped enclosures and channels with adequate accuracy and stability, a time-consuming and expensive computation process is required for solving the complex convection heat transfer problems. In order to reduce the computational efforts, the soft simulations like a FIS or an adaptive neuro-fuzzy inference system (ANFIS) can be used in conjunction with the CFD as a powerful tool to determine the solution for flow, heat, and mass transfer problems.^[@ref21]−[@ref24]^

Jang proposed an ANFIS that is a multilayer adaptive network-based fuzzy inference system^[@ref25]^ composed of 5 layers for running various node functions for learning and tuning parameters in a fuzzy inference system by the application of a hybrid learning mode.^[@ref26],[@ref27]^

The ANFIS-GRID fuzzy inference system is a hybrid system in which the data space is divided by grid partition into rectangular subspaces by the use of axis-paralleled partition on the basis of the prespecified number of membership functions (MFs) and their types in the dimensions.^[@ref28],[@ref29]^ The least square estimate approach is used for calculation of premise fuzzy sets and parameters based on the partition and types of the MF.^[@ref30]^ In construction of fuzzy rules, subsequent parameters in the linear output MFs are set as zeros. Thus, the parameters should be refined by the use of an ANFIS.^[@ref31]^ The combination of an adaptive neuro-fuzzy inference system and grid partition was reported in the literature.^[@ref32],[@ref33]^

In this work, the ANFIS approach is considered and changes in its parameters such as the number of inputs and the number of MFs are studied in order to achieve the high level of ANFIS intelligence for the prediction of a physical system. Having implemented the ANFIS intelligence fully, a surface is predicted that indicates the gas-phase volume fraction.

2. Results and Discussion {#sec2}
=========================

In this study, a two-dimensional (2D) BCR is modeled by CFD. The fluid inside the BCR consists of two phases including the gas phase and the liquid phase. Fluid characteristics such as *x* and *y* directions, gas-phase turbulence eddy dissipation, and gas-phase volume fraction are extracted from the CFD method. The flow characteristics in the tank indicate the gas--liquid interaction and multiphase flow. These parameters can also be a good representative of the flow regime in the reactor. For example, a tiny void fraction shows a homogeneous flow regime with spherical bubbles and uniform shapes. To prevent the need for a more computational time, a type of artificial intelligence called the ANFIS is utilized to predict the gas-phase volume fraction in every point of the 2D-BCR. To use the ANFIS method, some parameters are presumed such as:Percentage of the data present in the learning process, which is 70%.Maximum epoch of the ANFIS learning process is 200.The type of data clustering is grid partition clustering.The type of MF is the difference between two sigmoidal MFs (*dsigmf*). The main advantage of the *dsig* MF is high accuracy in the training of the data set. In addition, this function enables us to train the bubbly flow in a less computational time. As one of the goals of the AI model is a less computational time for the training results, we specifically use this MF in the training mode for the input channels.

By considering the above presumptions and considering one input that is the *x* direction and the number of MFs = 2, ANFIS testing and training processes are carried out. As can be observed in [Figure [1](#fig1){ref-type="fig"}](#fig1){ref-type="fig"}, the amount of regression (*R*) for the training process is 0.038 and that for the testing process is 0.00035. This amount of *R* indicates that the ANFIS intelligence is approximately 0%. To increase the ANFIS intelligence, changes in the number of MFs are evaluated. The MF changes from 2 to 5 and 8 indicate that the ANFIS intelligence reaches 1%.

![ANFIS training and testing processes when the number of input = 1, the number of MF is 2, 5, and 8, the type of MF is *dsigmf*, the maximum iteration is 200, and *P* = 70%.](ao0c02117_0001){#fig1}

To achieve the upper surface of ANFIS intelligence, the *y* direction as the second input is added to the learning processes. By doing the learning processes for the number of MFs = 2, 5, and 8, respectively. Results in [Figure [2](#fig2){ref-type="fig"}](#fig2){ref-type="fig"} indicate that the amount of *R* increases significantly for the training and testing stages. The amount of *R* is 0.9999 for testing and training when the number of MFs is 8, in other words the highest percentage of ANFIS intelligence is obtained, which is 99.99%.

![ANFIS training and testing processes when the number of input = 2, the number of MF is 2, 5, and 8, the type of MF is *dsigmf*, and maximum iteration is 200, and *P* = 70%.](ao0c02117_0002){#fig2}

In the following part of the study, gas-phase turbulence eddy dissipation is added as the third input. When the number of MFs is 2, the learning processes are done and the amount of R is 0.96, which is similar to 2 input results, but according to [Figure [3](#fig3){ref-type="fig"}](#fig3){ref-type="fig"}, an increase in the number of MFs from 2 to 5 and 8 indicates an increment in the amount of training *R* to 0.9999 while the amount of testing *R* is reduced to 0.64.

![ANFIS training and testing processes when the number of input = 3, the number of MF is 2, 5, and 8, the type of MF is *dsigmf*, the maximum iteration is 200, and *P* = 70%.](ao0c02117_0003){#fig3}

The results indicate that implementing the gas-phase turbulence as the third input of the ANFIS does not have a positive impact on the ANFIS intelligence, but it has caused a decrease in the ANFIS intelligence to 64%. Based on the obtained results, the best of ANFIS intelligence is obtained when the no. of input is 2, the no. of MFs = 8, and the amount of R for the training and testing processes is 0.9999. It can be seen in [Figure [4](#fig4){ref-type="fig"}](#fig4){ref-type="fig"} that the number of rules is 64, the number of MFs for each input is 8, and also the number of MF output is 64.

![ANFIS structure in best intelligence when the number of input = 2, the number of MF is 8, and the number of rules is 64.](ao0c02117_0004){#fig4}

The degree of membership is illustrated in [Figure [5](#fig5){ref-type="fig"}](#fig5){ref-type="fig"}, which indicates 8 MFs for each input separately. The type of MF in this case is *dsigmf*. In [Figure [6](#fig6){ref-type="fig"}](#fig6){ref-type="fig"}, the test targets are data that are extracted from the CFD method and the test output indicates the predicted data, there is a good agreement between the test targets and the test outputs.

![Degree of membership in best intelligence when the number of input = 2, the number of MF is 8, and the number of rules is 64.](ao0c02117_0005){#fig5}

![Comparison of the prediction data (test outputs) and the CFD data (test target) using best FIS intelligence when the number of input = 2, the number of MF is 8, and the number of rules is 64.](ao0c02117_0006){#fig6}

It can be observed that by enhancing the amount of *y* direction as the second input, the amount of gas-phase volume fraction has gone up. According to the CFD output, input 2 has 15 individual levels. As a result of comparing the prediction of the gas-phase volume fraction with the CFD output; it is observed that there is a meticulous validation as shown in [Figure [7](#fig7){ref-type="fig"}](#fig7){ref-type="fig"}. By employing the obtained ANFIS intelligence, a surface is predicted to give the volume fraction of the gas phase based on *x* and *y* directions as shown in [Figure [8](#fig8){ref-type="fig"}](#fig8){ref-type="fig"}. Also by using the predicted surface, the gas-phase volume fraction can be obtained for every point, which has a particular *x* direction and *y* direction.

![Comparison of the ANFIS prediction and CFD outputs using the best FIS intelligence when the number of input = 2, the number of MF is 8, and the number of rules is 64.](ao0c02117_0007){#fig7}

![ANFIS prediction surface when the number of input = 2, the number of MF is 8, and the number of rules is 64.](ao0c02117_0008){#fig8}

3. Conclusion {#sec3}
=============

In this investigation, various approaches were used to evaluate the best ANFIS intelligence, including changing the number of inputs and the number of MFs. The ANFIS data are accumulated from the simulations of the BCR via the CFD method. The results show a perfect influence of the added *y* direction as the second input of the ANFIS in raising the ANFIS intelligence, while the added gas-phase turbulence as the third input not only had a positive effect on the ANFIS intelligence but it declined the ANFIS intelligence drastically. The no. of data used in the learning processes is 3000 and the no. of data that were predicted is 60,000. The capability of the ANFIS method helps to avoid spending a more computational time in the CFD method. Changes in the type of clustering and employing clustering such as subtractive clustering and fuzzy c-mean clustering will be subjected for future studies. It should be pointed out that the main limitation of the AI model developed in this study is the prediction of other flow regimes or other physical phenomena from one specific flow regime. When the model is used to train the CFD data set, it can only predict the flow characteristics in that regime. In other words, if the phenomena change, the AI model cannot capture the phenomena.

4. Computational Methods {#sec4}
========================

4.1. Computational Fluid Dynamics {#sec4.1}
---------------------------------

Numerical approaches and algorithms are utilized in CFD for solving and analyzing the problems involving fluid flows.^[@ref34]−[@ref37]^ The E--E multiphase approach was used in this study for solving the average mass, energy, and flow equations for the separate phases and for the equation of volume fraction.^[@ref38]−[@ref40]^ In the E--E technique, various phases are considered as interpenetrating continua in a mathematical way. Considering the fact that other phases cannot occupy the volume of one phase, the phasic volume fraction concept is presented. It is postulated that the volume fractions are a continuous function of time and space, and their summation equals to one. Through the pressure and interaction between the phases like heat transfer and drag force, coupling is achieved. In ref ([@ref41]), the transport equations of the E--E approach are provided:

Continuity equation is expressed as follows

The computation of the momentum equation is carried out as the hybrid of various interfacial forces like turbulent dispersion, drag, wall lubrication, virtual mass, and lift. The following equation is used for describing the momentum transfer equation

The stress, gravity, pressure gradient, and ensemble-averaged momentum exchange between the liquid and the gas are described by the right hand terms in [eq [2](#eq2){ref-type="disp-formula"}](#eq2){ref-type="disp-formula"}. Both phases share the pressure. The following equation gives the stress term of the liquid-phase gas bubbles^[@ref41],[@ref42]^where μ~eff,k~ denotes the effective viscosity. Three terms compose liquid phase's effective viscosity, which are the turbulent viscosity, the molecular viscosity, and an additional term because of turbulence caused by the bubbles,^[@ref41]^ which is expressed as follows

As shown by Sato et al.,^[@ref43]^ the viscosity because of the turbulence is triggered by the multibubble movement in the liquid. Various investigations have utilized this model for predicting the column reactors.^[@ref41],[@ref44]−[@ref47]^ The composition of viscosity because of the turbulence is described using the equation belowwith a constant of *C*~μ,BI~ = 0.6 that has been given in previous works.^[@ref15],[@ref41],[@ref45],[@ref48]−[@ref52]^

The total interfacial forces that act between the two phases are on the basis of the turbulent dispersion force and interphase drag force. The equation below can be used for describing this term

The interphase momentum transfer between the liquid and gas because of the drag force is defined as

The Schiller-Naumann^[@ref53]^ drag model is utilized here for the estimation of the drag coefficient CD as^[@ref54]^

Other interfacial force models, turbulence methods, and numerical settings can be found in Tabib et al. 2008.^[@ref41]^

4.2. ANFIS {#sec4.2}
----------

ANFIS is a system for accurate anticipation of the behavior of complicated nonlinear systems.^[@ref31],[@ref55]^ Three kinds of fuzzy reasoning are available where Takagi and Sugeno suggested the implementation of if-then rules in the ANFIS.^[@ref56]^ The *X* direction, the *y* direction, and gas-phase turbulence eddy dissipation are taken in the current work for obtaining the gas-phase volume fraction as the output. The inputs are divided into varying MFs in the first layer. The signals coming from the first layer are multiplied based on the AND rule as the second layer's node function. The ith rule's function is expressed as^[@ref22],[@ref24],[@ref27]^

In [eq [10](#eq10){ref-type="disp-formula"}](#eq10){ref-type="disp-formula"}, *w*~i~ refers to the signals coming out from the node in the second layer, and μ~Ai~, μ~Bi~, and μ~Ci~ represent signals coming in from the MFs applied on inputs, the *x* direction (*X*), *y* direction (*Y*), and gas-phase turbulence eddy dissipation (ε), to the node of the second layer. More details on the ANFIS structure can be found elsewhere.^[@ref22],[@ref24],[@ref27],[@ref29]^

4.3. Numerical Approach {#sec4.3}
-----------------------

The ANSYS-Fluent 15 software is used for implementing the simulation cases. The geometry created for the CFD simulations is a cylindrical bubble column with a diameter and a height of 10 and 162 cm, respectively. The reactor is equipped with two nozzles of 1.3 and 0.9 cm i.d. The location of the nozzle was 5 cm above the column's endplate. An electrically heated element was considered to supply the heat to the liquid--gas dispersion in the bubble column, and a superficial gas velocity of 0.05 m/s was considered in the simulations.

According to superficial gas velocity, the gas-phase velocity is computed from each sparger hole (orifice). The "degassing" boundary condition is used at the outlet of the reactor, but free slip boundary conditions and a no-slip condition are employed at the wall boundary for the gas and liquid bubbles, suggested in previous studies.^[@ref52],[@ref57],[@ref58]^ In practice, no fraction from the wall is experienced by the bubble, and it moves in the boundary wall freely. Thus, it can be assumed that there are negligible direct contacts between the walls and bubbles.^[@ref59]^ The control volume technique is utilized in the present work for discretizing the conservation equations. Generally, there are numbers of solution methods (e.g., Lattice Boltzmann,^[@ref60]−[@ref63]^ finite difference,^[@ref64],[@ref65]^ finite volume method,^[@ref15],[@ref41],[@ref49],[@ref66]^ etc.,) for calculation of the flow field. The strongest one is recognized as the finite volume discretization approach. This numerical method is able to provide accurate computation of the single and multiphase flow as well as transport phenomena with either unstructured or structured grids.^[@ref15],[@ref41],[@ref49],[@ref66]−[@ref68]^

The bubbling flow was calculated for a time of 1400 s, and the results of gas hold-up as well as flow patterns are averaged based on time over last 1300 s. For investigating the impact of the time step on the accuracy of the results, the time step between 0.01 and 0.1 s is examined leading to a small difference among the findings. 0.1 as the time step is employed in the current work for all CFD investigations. The time step is selected based on the criterion that the maximum Courant--Friedrichs--Levy (CFL) number should be below one. In various works, it has been shown that if the CFL number is below one, the numerical method can give the accurate estimate of the multiphase properties, and more refining of the time step does not result in considerable alterations in the results of the flow pattern, while when the CFL number is above one, it leads to inaccurate results.^[@ref50],[@ref69]−[@ref74]^
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